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Abstract 
The objective of the present work was to use artificial neural network to study the quantitative structure-
activity relationship (QSAR) of the protective effects of N-p-tolyl/phenylsulfonyl L-amino acid thiolester 
derivatives on anoxic damage of rat pheochromocytoma (PC12) cells. Five molecular parameters of these 
target compounds, including heat of formation, total energy, dipole moment, the energy of the highest 
occupied molecular orbital and the energy of the lowest unoccupied molecular orbital, were calculated with 
the PM6 semi-empirical quantum mechanical method. A multilayer feed-forward (MLFF) network with back-
propagation (BP) learning was employed in the present work with the molecular parameters as inputs and 
neurotrophic activities as outputs. Results showed that the neural network can provide a good prediction of 
neurotrophic activity and may be useful for predicting the bioactivity of new compounds of similar class. 
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1. Introduction 
Neurotrophic factors (NTFs) are responsible for the growth and survival of developing neurons and the 
maintenance of mature neurons, and essential for the survival and function of nerve cells [1, 2]. 
Neurotrophic factors can promote the initial growth and development of neurons in the central nervous 
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system (CNS) and peripheral nervous system (PNS), and they are capable of regrowing damaged neurons 
in test tubes and animal models. It have been intensely studied for uses in bioartificial nerve conduits as 
they are necessary in vivo for directing axon growth and regeneration [3-6]. Thus, NTFs are important 
regulators of neural survival, development, function and plasticity. 
Quantitative structure activity relationship (QSAR) studies are aimed to derive mathematical models 
relating  the biological activity of a series of compounds to one or more properties of the molecules, and 
are of great importance in modern chemistry and biochemistry. Multiple linear regression (MLR) and 
partial least squares (PLS) are two methods that have been widely used in QSAR study among different 
methods of chemometrics [7-9]. However, there are some problems in MLR and PLS methods. One 
problem is that by using computational methods to generate descriptors, a data set may contain more 
descriptors than compounds. In this case the correlations observed may be chance correlations. The 
second problem encountered in using regression analysis is the assumption of a linear relationship 
between the activity and descriptors. The third problem is that biological phenomena are in general 
considered nonlinear by nature, and therefore the contribution of some of the parameters to the activities 
can be nonlinear [10]. To solve these problems, the artificial neural network (ANN) was employed in this 
study. Neural networks are part of a new era of evolving computer technology in which a computer 
system has been designed to learn from data in a manner emulating the learning pattern in the brain, and 
are typically used when the problem is complex or not understood well enough [11]. 
Previous studies have reported that some NTF-like substances might be therapeutically useful [12-14]. 
Recently, seventeen N-p-tolyl/phenylsulfonyl L-amino acid thiolester derivatives were synthesized by 
Yang et al. according to combination of functional groups [15], as shown in Fig. 1 and Table 1. The 
majority of these compounds are of remarkable or moderate neurotrophic activities (protective effects of 
these target compounds on anoxic damage of rat pheochromocytoma (PC12) cells at drug concentration of 
20, 10 and 5 µg mL-1), and therefore were selected for the QSAR study in the present work. The main 
objective of this paper was to study the QSAR models between molecular parameters of these N-p-tolyl/ 
phenylsulfonyl L-amino acid thiolester derivatives and neurotrophic activities using the ANN. 
2. Methods 
In this study, the structures of seventeen N-p-tolyl/phenylsulfonyl L-amino acid thiolester derivatives 
[15] were fully optimized, and their molecular parameters, including heat of formation (Hf), total energy 
(TE), dipole moment (DM), the energy of the highest occupied molecular orbital (EHOMO) and the energy 
of the lowest unoccupied molecular orbital (ELUMO), were calculated (as shown in Table 1) using the PM6 
semi-empirical quantum mechanical method (Mopac2009 open source MS-DOS Version Package [16]). 
A multilayer feed-forward (MLFF) network with back-propagation (BP) learning was employed in the 
present work (MATLAB), which is one of the neural network most useful for structure-activity 
relationships [10]. In this ANN, a three-layer (6-6-1, logsig, logsig, purelin) structure was designed. 
Gradient descent method was used to train the network, running for 3000 epochs with the learning rate at 
0.01 and minimization is with respect to a defined mean-square error (MSE) [10]. Weights and biases 
were initialized to random values in the range of -1 to 1.  
For the training of neural network, the molecular parameters obtained above and the corresponding 
neurotrophic activity data (PE20, PE10 and PE5) [15] were used as inputs and outputs, respectively. In 
addition, normalizing for the original data allows the BP-neural network to have better convergence rates 
and estimation accuracies. In this study, the original values were normalized between 0.1-0.9 using the 
following equation: 
Vn＝0.1＋(V－Vmin)／(Vmax－Vmin)×(0.9－0.1).     (1) 
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Where Vn stands for the normalized value; V for original value; Vmax and Vmin for the maximum and 
minimum value of the parameters in the corresponding group, respectively. The data set was divided into 
a training set and a prediction set, including 14 compounds and 3 compounds, respectively, as shown in 
Table 2. 
 
         
(4)                                             (5)                                              (6) 
 
Fig. 1. Basic structures of the target compounds [15]. 
 
Table 1.  Structures and molecular parameters of the target compounds 
Compd. [15] Ar a R1 a R2 a R3 a 
Hf  
(kcal mol-1)
TE 
(eV) 
EHOMO 
(eV) 
ELUMO 
(eV) 
DM 
(Debye)
4a p-Tolyl Isobutyl Ethoxycarbonyl - -221.641 -4558.94 -9.585 -0.601 7.772 
4b p-Tolyl Isobutyl Acetamido - -174.479 -4310.9 -9.478 -0.559 3.319 
4c p-Tolyl Benzyl Ethoxycarbonyl - -178.892 -4897.91 -9.381 -0.649 7.907 
4d p-Tolyl Benzyl Acetamido - -131.131 -4649.85 -9.353 -0.58 3.129 
4e Phenyl Benzyl Ethoxycarbonyl - -169.502 -4747.88 -9.434 -0.807 3.405 
5a p-Tolyl Isobutyl - Methoxycarbonyl -258.039 -5166.18 -9.74 -0.639 4.965 
5b p-Tolyl Isobutyl - Ethoxycarbonyl -266.572 -5316.17 -9.693 -0.613 5.178 
5c p-Tolyl Isobutyl - Allyloxycarbonyl -242.162 -5437.73 -9.741 -0.648 5.243 
5d p-Tolyl Benzyl - Ethoxycarbonyl -224.359 -5655.17 -9.304 -0.712 7.119 
5e Phenyl Benzyl - Ethoxycarbonyl -212.484 -5505.03 -9.268 -0.761 3.027 
5f p-Tolyl Benzyl - Allyloxycarbonyl -198.461 -5776.66 -9.708 -0.769 4.777 
5g p-Tolyl Benzyl - Methoxycarbonyl -217.696 -5505.25 -9.489 -0.467 4.889 
6a p-Tolyl - H Ethoxycarbonyl -203.841 -4381.53 -9.04 -0.595 6.252 
6b p-Tolyl - Acetamido H -157.699 -4133.55 -9.297 -0.633 7.821 
6c p-Tolyl - Acetamido Ethoxycarbonyl -246.107 -5138.66 -9.11 -0.674 9.829 
6d p-Tolyl - Acetamido Methoxycarbonyl -237.992 -4988.68 -9.131 -0.691 10.143
6e p-Tolyl - Acetamido Allyloxycarbonyl -219.403 -5260.11 -9.014 -0.999 14.034
a. The Ar, R1, R2, R3 signed the substituent groups of compounds 4, 5 and 6, respectively. 
3. Results and Discussion 
3.1. Normalizing of the Data 
 
The training performance was studied using the data before and after normalization. After 3000 epochs 
running, results of the regression analysis between the predicted values and observed values in training set 
were obtain, as shown in Fig. 2, using outputs from PE20 as an example. It was demonstrated that the 
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training performance of neural network using the original data (Fig. 2-a) or using original inputs and 
normalized outputs (Fig. 2-c) were not good, with the gradient value reached to 10-10 before the MSE in 
the training has been fully optimized. Using normalized inputs and original outputs (Fig. 2-b) to train the 
neural network was better (r=0.997, n=14) than using the normalized inputs and normalized outputs (Fig. 
2-d), (r=0.843, n=14). Thus, using normalized inputs and original outputs has the best effect on the 
training of the neural network, and therefore, was selected in the neural network model for the prediction 
of neurotrophic activity in the present work. 
Table 2.  Observed and Predicted Values of Neurotrophic Activity for the Target Compounds 
PE20(%) a PE10(%) a PE5(%) a 
Compd. 
 Obs. b ANN c Obs. b ANN c Obs. b ANN c 
Training Set     
4a  9.94 ± 2.99 9.70 ± 0.31 21.53 ± 3.82 21.51 ± 0.34 14.72 ± 4.15 14.78 ± 0.34
4b  11.17 ± 3.43 11.09 ± 0.15 20.13 ± 4.93 20.03 ± 0.28 16.64 ± 4.25 16.68 ± 0.21
4c  9.52 ± 3.56 9.96 ± 0.81 18.36 ± 3.65 18.40 ± 0.35 13.84 ± 3.94 14.05 ± 0.61
4d  7.40 ± 2.37 7.47 ± 0.14 25.76 ± 4.29 25.68 ± 0.22 18.11 ± 4.80 17.99 ± 0.16
5a  9.05 ± 3.65 9.49 ± 0.36 15.27 ± 3.86 15.28 ± 0.60 16.18 ± 13.18 15.88 ± 0.28
5b  10.36 ± 3.71 10.35 ± 0.22 18.23 ± 3.94 17.93 ± 0.71 14.66 ± 4.23 14.69 ± 0.29
5c  10.67 ± 3.42 10.19 ± 0.35 21.28 ± 4.59 21.12 ± 0.45 14.55 ± 3.87 14.55 ± 0.18
5d  21.34 ± 4.23 21.13 ± 0.13 22.76 ± 4.91 22.59 ± 0.26 15.43 ± 3.06 14.88 ± 0.69
5e  10.29 ± 3.97 10.41 ± 0.24 6.54 ± 3.95 6.60 ± 0.17 12.88 ± 3.14 12.98 ± 0.24
5f  6.98 ± 3.55 7.02 ± 0.08 10.54 ± 3.96 10.46 ± 0.33 13.59 ± 3.17 13.65 ± 0.37
6a  18.48 ± 5.43 18.46 ± 0.04 15.02 ± 3.71 15.00 ± 0.23 12.67 ± 3.88 12.68 ± 0.31
6b  13.83 ± 3.67 13.58 ± 0.57 28.04 ± 5.89 27.97 ± 0.18 17.13 ± 4.23 16.71 ± 0.60
6c  7.98 ± 3.77 8.99 ± 0.45 19.88 ± 5.38 20.14 ± 0.97 13.37 ± 4.52 13.55 ± 0.46
6d  10.15 ± 3.46 9.35 ± 0.41 24.41 ± 4.21 23.95 ± 0.81 18.54 ± 3.81 18.20 ± 0.46
Prediction Set      
4e  10.19 ± 3.98 8.43 ± 3.04 11.12 ± 3.86 10.88 ± 5.56 13.18 ± 3.44 14.35 ± 1.08
5g  8.88 ± 2.95 11.33 ± 3.26 21.70 ± 5.31 19.95 ± 5.14 16.98 ± 4.16 14.72 ± 1.63
6e  13.19 ± 3.52 9.57 ± 4.38 17.85 ± 4.37 20.67 ± 5.65 14.62 ± 3.86 13.82 ± 1.90
a. PE20, PE10 and PE5 represent the protective effect for concentrations of drug at 20, 10 and 5 µg/ml level, respectively. 
b. Observed neurotrophic activities were obtained from reference [15]. 
c. Predicted data from ANN, x ± s, n=10. 
3.2. Artificial Neural Network Analysis 
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(a)                                                                                                 (b) 
 
(c)                                                                                                                               (d) 
Fig. 2. Regression analysis of training performance. 
(a, using original inputs and outputs; b, using normalized inputs; c, using normalized outputs; d, using 
normalized inputs and outputs) 
The neurotrophic activities of the three compounds in prediction set were predicted using the neural 
network after training using corresponding data from the other fourteen compounds (training set). After 
ten times prediction, the mean values of the results were shown in Table 2 (mean value ± standard 
deviations, n=10). 
The predicted activities were compared to observed values. In this neural network, the performance 
was evaluated using relative accuracy and MSE which were calculated using the mean value. As shown in 
Table 3, it was found that the average relative accuracy was 86.00%, and MSE of all predicted results was 
4.48. The prediction of neurotrophic activities at the drug concentration of 10 and 5 µg mL-1 are better 
than that at drug concentration of 20 µg mL-1. In the prediction set, the neural network model has 
relatively satisfying predictions on the neurotrophic activity of compound 4e with the accuracy of 82.7%, 
97.8% and 91.1% for PE20, PE10 and PE5, respectively. 
In addition, the neurotrophic activities predicted using ANN can roughly approximate the experiment 
value. However, to make this QSAR model better meet the requirements of the real application, further 
5163Jin Luo et al. / Procedia Engineering 15 (2011) 5158 – 51636 Jin Luo et al/ Procedia Engineering 00 (2011) 000–000 
research needs to be conducted with more neurotrophic activity data of similar compounds and molecular 
parameters. 
Table 3.  Relative accuracy and MSE of the prediction values 
4. Conclusion 
In this study, the neural networks provided a good prediction of neurotrophic activity of N-p-tolyl/ 
phenylsulfonyl L-amino acid thiolester derivatives based on the molecular parameters calculated with 
PM6 semi-empirical quantum mechanical method. The average relative accuracy of the neurotrophic 
activity value in the prediction set was 86.00% with the MSE of 4.48. It was also shown that using 
normalized inputs for the training of the neural network could improve the performance and the three-
layer feed-forward BP-neural network is an effective method to the QSAR model building. In summary, 
this study can provide an in-depth understanding for the compounds of similar class and may be useful for 
predicting their bioactivity. 
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